Introduction
The study of volcanoes by earth observation technology, imaging spectrometry, and geographic information system (GIS) is important endeavor for a volcanologist in earth and planetary exploration. It provides the opportunity to map lithology, mineralogy, altered rocks, debris flows, and lahar paths (Kruse, 1988; Crowley and Zimbelman, 1997; Crowley et al., 2003; Kerle et al., 2003; Terunuma et al., 2005; Hubbard et al., 2007; Joyce et al., 2009) and to assess hazards related to volcanoes.
Multispectral imaging sensors with discrete spectral bands have proven useful for discrimination and classification of minerals and lithological units (Cudahy and Hewson, 2002; Yamaguchi and Naito, 2003; Hellman and Ramsey, 2004; Gomez et al., 2005; Zhang et al., 2007; Perry and Vincent, 2009; Bedini, 2009; Mars and Rowan, 2010; Rajendran et al., 2011) , and also for mapping altered rocks (Crosta et al., 2003; Souza Filho et al., 2003; Mars and Rowan, 2006; Tangestani et al., 2008; Hosseinjani and Tangestani, 2011) . Hence, data from such sensors are capable of distinguishing many more differences in chemical composition than could ever be distinguished from visible reflected sunlight alone (Perry and Vincent, 2009 ). However, many factors can influence the accuracy of chemical composition maps derived from multispectral remote sensing data, such as the number of spectral bands employed (Perry and Vincent, 2009) , and variations in slope, solar illumination, and atmospheric haze (Vincent, 1972 (Vincent, , 1997 .
There are 2 possible approaches one can take to map and detect minerals and lithology on the basis of chemical composition using multispectral imaging. One approach is the theoretical approach of the modeler, where all extraneous information (atmospheric attenuation, sensor electronic gain and offset, etc.) is subtracted off and divided out, and laboratory (or field) spectra of materials are used as training sets to map features in the scene of similar composition. This approach is very difficult to keep accurate because of variations in the atmosphere, solar illumination, and sensor electronic gain and offset that are not always perfectly recorded or accounted for (Vincent, 1997) . A second approach is an empirical approach, whereby the corrections for atmospheric absorption and scattering, solar illumination variations with topographic slope, and sensor electronic gain and offset are made from the image data itself, and then selected spectral parameters of each pixel are compared to the reflectance spectrum of laboratory and field spectra of user-selected objects to search the image for objects that have a similar chemical composition. Dark-object-corrected spectral ratio imaging is such an empirical approach, in which the shadow/slope factor and additive factor (the dark object, or DO) from atmospheric haze and electronic offset of the sensor, almost constant for the entire data set, are removed (Vincent, 1997) . This becomes less accurate if the elevation differences within the scene of interest are very large, but this problem also occurs in the theoretical approach.
It has been shown that dark-object-corrected spectral ratio images enhance chemical compositional differences, while suppressing variations in slope, solar illumination, and atmospheric haze (Vincent, 1972 (Vincent, , 1997 Rowan et al., 1974; Perry and Vincent, 2009 ). Triplets of spectral ratios displayed in colors of red, green, and blue (as a ratio color composite) are commonly used to enhance the appearance of specific minerals of interest, where they are exposed on the ground (Perry and Vincent, 2009 ). However, the problem is that the color ratio images cannot show the fractions of desired minerals.
Detection and quantification of fractions of the target materials for each pixel can be important for dark-objectcorrected spectral ratio mages. Therefore, evaluating a model like neural network to map and estimate abundance fractions of minerals present in ratio images can be useful for the mapping of volcanoes. Artificial neural networks (ANNs) were originally designed as pattern-recognition (DuBose and Klimasauskas, 1989) and data analysis tools that mimic the neural storage and analytical operations of biological neural networks (DuBose and Klimasauskas, 1989; Villmann et al., 2003) . ANN approaches have a distinct advantage over statistical classification methods in that they are nonparametric, require little or no a priori knowledge of the distribution model of input data and no assumption about the probabilistic models of data, are robust in noisy environments, and have the ability to learn complex patterns (Ji, 2000) and perform generalizations (Zhuang et al., 1991; Geaga et al., 1992; Emaruchi et al., 1997) .
Among the ANN techniques, the self-organizing map (SOM) neural network model has been used in different fields such as land-use classification (Ji, 2000; Jianwen and Bagan, 2005) , lithological mapping (Mather et al., 1998; Grebby et al., 2010; Bedini, 2012) , and geomorphometric feature analysis (Ehsani and Quiel, 2008 ). The SOM is a 2-layer structure, including 1 input layer and 1 output layer. Therefore, the dilemma of determining the hidden layer size is avoided (Hu and Weng, 2009) . It is capable of coping with presence-only data (Li and Eastman, 2006) , it is not affected by the local minima problem and it is insensitive to the structure of the codebook vector map (Lee and Lathrop, 2006) .
There were several questions raised at the onset of this study. Is it efficient for us to use the SOM model for subpixel classification of ratio images as chemical composition images? How many ratio images do we need to input to the SOM to get good subpixel classification results? The study area is the Masahim composite volcano, which is situated in western Kerman, Iran. In this study, a coded spectral ratio imaging method was used to find suitable training areas and a SOM model was applied to the different ratio image data sets, including 5 and 15 short wave infrared (SWIR) and 36 visible near infrared and short wave infrared (VNIR+SWIR) ratio images, respectively.
Geological setting
The Masahim composite volcano (55°07ʹ-55°30ʹE; 30°10ʹ-30°30ʹN) lies 265 km west of Kerman, SE Iran ( Figure 1) ; it is situated in the Dehaj-Sarduiyeh district, which is a part of the Urumieh-Dokhtar Magmatic Arc (UDMA). The Masahim volcano was formed between 6.8 ± 0.4 (older stratigraphic level) and 6.3 ± 0.9 (younger stratigraphic level) Ma ago (Hassanzadeh, 1993) . Its eruptions have been mainly phreato-magmatic (including interaction of water and magma) to phreato-plinian (same interaction with higher plumes), including lava flows, pyroclastic surges, pyroclastic falls, and pyroclastic flows (Ahmadipour, 1994) as the main components. Ahmadipour (1994) divided the Masahim volcano according to petrographic and structural characteristics, as well as distances to their origins, into 4 main facies: central (caldera), proximal, medial, and distal, with several units in each. The central facies mainly consists of lava breccias, which are rhyodacitic-dacitic in composition and in some part display intensive hydrothermal alteration, as well as pre-and postcaldera stage intrusives. Precaldera stage intrusive rocks generally contain plagioclase, biotite, hornblende, and quartz (andesitic-dacitic) that have been exposed by collapse and erosion, and have undergone intensive alteration (Ahmadipour, 1994) . At the central facies mafic constitutents are completely altered, as well as feldspar, and silicification represents the final process (Dimitrijevic, 1973) . However, postcaldera stage intrusives (plugs and dikes) lack hydrothermal alteration (Dimitrijevic, 1973) , and only display evidence for surficial weathering. Alluvial and colluvial deposits cover portions of the central facies, and are especially concentrated along the inner slopes of the caldera rim. The lower-most exposures in the proximal facies are pyroclastic surge deposits (tuff-breccias) that mantle the older intrusive country rocks (Ahmadipour, 1994) .
Pyroclastic flows include block and ash with stratigraphic layering that reflects the history of the volcano, as well as abundant angular blocks embedded in volcanic ash and lapilli (Figure 1, Ahmadipour, 1994) .
Pyroclastic falls are poorly sorted layers of welded, lithic tuff rich in lithic fragments (andesitic-dacitic), which in particular show enrichment in lithic fragments towards the top of each layer. Lava flows overlie a thick accumulation of pyroclastic flows and falls of the volcano and mainly consist of andesite and andesite-basalt rocks (Ahmadipour, 1994) . Medial and distal facies mainly contain pyroclastic falls and flows. (Fujisada, 1995) . The following steps (Figure 2) show brief descriptions of a procedure along which an integration of ASTER data and SOM neural network model was implemented to deal with the objectives of the research:
(1) Pre-processing of ASTER data, including geometric correction using 1:25,000 topographic maps and atmospheric correction using the dark object subtraction method. Dark object subtraction is a simple empirical procedure (Gupta, 2003) that adjusts the brightness values (digital number) of a given scene based on image information. The digital number to subtract from each band can be the band minimum, an average, or a specific value (Research Systems Inc, 2003) . The scattering is removed by subtracting band minimum from every pixel in the band. Then 3 sets of spectral ratio image data including 36 ratio images from VNIR+SWIR bands, a subset of 15 images from SWIR bands alone, and yet smaller subset of 5 ratio images from SWIR bands but based on characteristic ratio codes of key representative minerals were produced and used as inputs to the SOM neural network (Table 1) .
(2) Field observation, sample collection, spectral reflectance measurement of fresh and weathered surfaces of the rock samples using a Fieldspec Pro spectroradiometer and X-ray diffraction (XRD) analysis, and identification of key representative minerals, which are composed of the mineral assemblages.
(3) Calculation of spectral ratio codes for the field samples and the USGS spectral library, determination of 3 ratio images for each representative mineral, and creation of color ratio composite images.
(4) Training area selection using overlay (AND and XOR logic) method for representative minerals. Figure 2. The flowchart of process steps. After preprocessing, training area is selected using field samples and representative alteration minerals. Spectral ratio codes of USGS library and field samples are calculated and compared for finding 3 ratio images for each mineral and color ratio image is created. GIS overlay method is used to select training area. SOM is then separately applied to 5, 15, and 36 spectral ratio image data sets. Feature maps are generated for each input. Finally, the results are compared using confusion matrices and of R (5) Application of SOM to spectral ratio image data sets (5, 15, and 36 ratio image data sets) for subpixel classification and generation of feature maps.
(6) Accuracy assessment and comparison of the output results via a confusion matrices approach and R 2 coefficient. The flowchart of processes is shown in Figure 2 .
Training area selection
For subpixel classification of ratio image data sets with a neural network, the analyst must select representative pixels as a training area for each of the key minerals. If the multispectral image contains sufficiently distinct visual cues, it may be possible to find suitable training areas by visual examination. Frequently, however, one must resort to additional sources of information, such as field data or existing maps, to find representative areas for each class. The process of finding training areas can, therefore, be rather labor intensive (Schowengerdt, 2007) . Since coded spectral ratio imaging (Vincent, 1997) information enhances chemical compositional differences by using the most unique spectral characteristics (absorption features) of a given mineral or rock and a neural network has no way of finding the most characteristic spectral parameters like the ratio codes, ratio codes information can be used to select training areas for a given mineral or rock, especially when we do not have access to the area and only have access to archived library spectra of the USGS and field samples (collected from the study area) as references for material identification.
Spectral features of caldera (central facies)
The spectral reflectance of field samples was measured using a Fieldspec Pro spectroradiometer (ASD) with spectral range of 350-2500 nm, and a quartz-tungstenhalogen (QTH) lamp was used as light source ( Figures  3 and 4 ). USGS spectral library (Clark et al., 1993) and XRD analysis were used for comparative analysis and characterization of field samples. Sample site locations are shown in Figure 1 .
The result of characterizing field samples by interpretation of reflectance spectra showed alteration to sericite+illite+goethite+hematite+jarosite (phyllic zone), kaolinite+ montmorillonite+goethite+hematite (argillic zone), and chlorite ( Figures 3 and 4) . Rock samples 219, 228, 263, 245, and 100 display multiple absorption features near 1.4 µm, 1.9 µm, 2.20 µm, and 2.35 µm. However, rock sample 100 does not exhibit strong absorption features in 1.4 µm or 2.20 µm. For example, the spectrum of sample 263 shows alteration to sericite+illite, sample 219 to sericite+illite+hematite, and samples 228 and 245 to sericite+goethite (Figure 3a ). The resampled spectra of all rocks exhibit Al-OH absorption bands around 2.20 µm, which falls within the spectral limits of ASTER band 6 (Figure 3b ). Rock samples 218, 222, 266, and 264 exhibit multiple absorption features near 0.48 µm, 0.92 µm that can be attributed to the goethite, and near 1.39 µm, 1.41 µm, 1.9 µm, 2.17 µm, and 2.20 µm that can be attributed to kaolinite (Hunt and Salisbury, 1970) . Rock sample 239 exhibits multiple absorption features near 1.39 µm, 1.41 µm, 2.17 µm, and 2.20 µm that can be attributed to kaolinite (Hunt and Salisbury, 1970) . The spectra of samples 218 and 264 indicate mixtures of kaolinite+mo ntmorillonite+goethite, rock sample 239 is a mixture of montmorillonite+kaolinite, and sample 222 is a mixture of montmorillonite+kaolinite+goethite (Figure 3c ). The resampled spectra of rocks (Figure 3d ) exhibit an Al-OH absorption band around 2.20 µm (coincided on band 6 of ASTER), and a high reflectance in band 4 of ASTER, which is typical in argillic (kaolinite) and phyllic (sericite) alterations. However, the difference between kaolinite and sericite is in the reflectance of band 5, which is lower in kaolinite relative to sericite (Figure 3d ).
The rock samples 229, 232, 233, 236, 237, 238, 259 , and 262 typically exhibit multiple absorption features near 1.4 µm 1.9 µm, and 2.20 µm, and weaker features near 2.35 µm, 1.83, 2.1 µm, 0.88 µm, and 2.44 µm that can be attributed to the sericite+illite. The spectra of samples 236, 238, 259, and 262 show mixtures of sericite+illite+ hematite ( Figures 3e and 4a) ; samples 237 and 232 show goethite, in addition to the preceding minerals ( Figure  3e) ; samples 233 and 229 show mixtures of sericite+illite (Figures 3e and 4a) , and sample 257 reveals a mixture of jarosite+sericite (Figure 4a ). The resampled spectra of all rocks exhibit Al-OH absorption bands around 2.20 µm, which falls within the spectral region of ASTER band 6 (Figures 3f and 4b) . Rock samples 250 and 254 exhibit multiple absorption features near 0.48 µm, and 0.92 µm that can be attributed to goethite, and 1.39 µm, 1.41 µm, 15 ratio images (SWIR) 5/4, 6/4, 7/4, 8/4, 9/4, 6/5, 7/5, 8/5, 9/5, 7/6, 8/6, 9/6, 8/7, 9/7, 9/8 36 ratio images (VNIR+SWIR) 2/1, 3/1, 4/1, 5/1, 6/1, 7/1, 8/1, 9/1, 3/2, 4/2, 5/2, 6/2, 7/2, 8/2, 9/2, 4/3, 5/3, 6/3, 7/3, 8/3, 9/3, 5/4, 6/4, 7/4, 8/4, 9/4, 6/5, 7/5, 8/5, 9/5, 7/6, 8/6, 9/6, 8/7, 9/7, 9/8 1.9 µm, 2.17 µm, and 2.20 µm that can be attributed to kaolinite (Figures 4c and 4d) . Rock samples 252, 224, and 258 (plugs and dikes, Figures 4e and 4f) do not exhibit strong absorption features in the VNIR-SWIR region (Figure 4e ). However, some of them exhibit weaker absorption features near 0.48 µm (goethite), 0.90 µm, 2.2 µm, 2.3 (chlorite), 1.4 µm, and 1.9 µm. Absorption minima at 1.4 µm and 2.20 µm, with shallower depth at 1.9 µm, indicate the presence of hydroxyl groups, rather than just water of hydration, and can be attributed to weak alteration (Figure 4e ). The resampled spectra of these rocks also do not exhibit strong absorption features (Figure 4f ). The phyllic and argillic alteration units (sericite and kaolinite, respectively) were typically mixed at the center of the volcano. Therefore, we tried to map sericite (phyllic zone) and kaolinite (argillic zone) in the study area.
Coded spectral ratio imaging
Coded spectral ratio imaging (Vincent, 1997) was developed to enhance chemical compositional differences by using the most unique spectral characteristics (absorption features) of a given mineral or rock. Each digit in a ratio code of a particular dark-object-subtracted spectral ratio represents the decile of dark-to-bright in that spectral ratio image in which a particular mineral or rock would be displayed. For instance, for a given spectral ratio image, a ratio code of 0 signifies that a particular mineral or rock is in the darkest 10% (decile) of all the materials in the spectral library for that spectral ratio image. Likewise, a ratio code of 9 signifies that a particular rock or mineral Reflectance spectra of volcano samples measured in the laboratory. (a) Reflectance spectra of lava breccias exposed at the caldera, and (b) spectra after being resampled to ASTER VNIR+SWIR bands. (c) Reflectance spectra of altered lava breccias exposed at the caldera and (d) spectra after being resampled to ASTER VNIR+SWIR bands. (e) Reflectance spectra of precaldera stage intrusive rocks exposed at the caldera and (f) spectra after being resampled to ASTER VNIR+SWIR bands.
is brighter in that spectral ratio image than at least 90% of the materials included in the spectral library. To produce a color image that shows the mineral you wish to map as red, you must find 3 spectral ratios (from the ratio code tables for that particular sensor) that have ratio codes of 9, 0, and 0 and display them as red, green, and blue, respectively.
Selecting training area using GIS
The spectral ratio codes of 13 spectra of sericite, 8 spectra of kaolinite from the USGS spectral library (Table 2) , and field samples were compared to select the best ratio images to provide contrast between the minerals of interest ( Figure 5 ). Three spectral ratios with very high ratio values (ideally, a ratio code of 9) and spectral ratios with very low values (ideally, with a ratio code of 0) were selected. The best ASTER spectral ratios for mapping sericite were 7/6 (with ratio code 9), 6/5 (with ratio code 0), and 8/6 (with ratio code 9); and for kaolinite were 7/5(with ratio code 9), 7/6 (with ratio code 9) and 6/5 (with ratio code 1). Figure 6 shows the resulting color ratio image for enhancing sericite as yellow (Figure 6a , where the ratios with ratio codes of 9 were displayed as red and green, and the one with the lowest ratio code was displayed as blue), and kaolinite as yellow (Figure 6b , similarly displayed).
The brighter (ratio code of 9) or darker pixels (ratio code of 0) in the spectral ratio images indicate a better match to the reference material in those pixels. However, higher and lower values could be artifacts of the shadow and topographic effects that remained near cliffs after the resampling of 30 m pixels to 15 m pixels, and should not be used. The actual values of each ratio image were divided into 7 intervals or slices using density slicing, and the output pixels exported into a GIS environment as a shape file layer, yielding 3 ratio value layers for each mineral. Reflectance spectra of precaldera stage intrusive rocks exposed at the caldera and (b) spectra after being resampled to ASTER VNIR+SWIR bands. (c) Reflectance spectra of precaldera stage intrusive rocks exposed at the caldera and (d) spectra after being resampled to ASTER VNIR+SWIR bands.
(e) Reflectance spectra of postcaldera stage intrusive rocks exposed at the caldera and (f) spectra after being resampled to ASTER VNIR+SWIR bands. Table 2 . ASTER VNIR+SWIR ratio codes for muscovite (sericite) and kaolinite (USGS spectral library).
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T kaolinite = Rv 7/5 ∩Rv 7/6 ∩Rv 6/5 or T kaolinite = Rv 7/5 * Rv 7/6 * Rv 6/5 ,
where T sericite is the training area layer for sericite, T kaolinite is the training area layer for kaolinite, Rv i/j are the 3 ratio value layers for each mineral, and i,j are the 2 spectral band numbers used in the Ri/j spectral ratio. Then another GIS overlay (XOR logic) method was used to create a training area layer (TA) according to Eq. (3). This is an integration of T sericite and T kaolinite that preserves pixels that fall within the spatial extent not common to these 2 layers.
where TA is training area. The training area was then used for training the SOM with all of the inputs.
Mapping alteration units

Self-organizing map (SOM) model
A SOM (Kohonen, 1995) is a 2-layer network that maps the n-dimensional feature vector (Mather et al., 1998) or reflectance bands (input layers, which is 5, 15, and 36 ratio image data sets) into a typically 2-dimensional array of nodes referred as the competitive layer (output layer) or codebook vector map (Lee and Lathrop, 2006) . Input and output neurons are connected with each other by synaptic weights between 0 and 1 (Mather et al., 1998) , and, like a biological neural system, lateral interaction between neurons is a common feature (Bian and Zhang, 2000) . At first, synaptic weights between the output and input neurons randomly assigned (0-1 range): a vector of reflectance for a single pixel as input vector is chosen at random from the set of training data. The SOM unsupervised training procedure can be divided into several steps: the competitive stage, the cooperative stage, and the adaptation stage. In the competition stage the network is trained by the use of coarse tuning, which is an unsupervised classification stage and leads to a fundamental regional organization (a topology) of neuron weights representing the underlying clusters and subclusters in the input data. In fact for each input vector all the nodes are examined to indicate which nodes' weights are most like the input vector. A node with the smallest Euclidean distance to this input vector is called the "winner" node. The winner is determined by the use of Eq. (4): (4) where X t i is input to neuron i at iteration t, W t ij is the synaptic weight from input neuron i to input neuron j at iteration t, and j * is the index of the winner node. In the cooperation stage the neighborhood of the winner node is considered. The radius of this neighborhood starts large. Typically it is set to be the radius of the network. According to a special neighborhood function some scalar values are attributed to all the lattice nodes. This function is selected in such a way that the scalar values of the nodes are reversely proportional to their distances from the winner node. In the adaptation stage, the weights of the winner node and its neighbors within the radius γ are altered according to their scalar values and the learning rate (a value between 0 and 1) (Ji, 2000; Tso and Mather, 2001 ). This adjustment of weights proceeds for N iterations from global order to local adjustments. Then the next step is to tune the weight vectors in a supervised mode. A majority voting procedure (Tso and Mather, 2001 ) is used for labeling the training data to a neuron that is assigned most frequently. On the other hand, to refine the decision boundaries between training classes, learning vector quantization (LVQ) (Kangas et al., 1990; Ji, 2000; Tso and Mather, 2001 ) is used. In vector quantization, the input space is partitioned into a number of distinct regions and for each region a reconstruction vector is defined. The collection of reconstruction vectors is called the code book. A new input is then represented by the reconstruction vector representing the region it falls into. Accordingly, the weights of the neurons with the most similar weights to the input vector of reflectance are adjusted as notified in Eqs. (5)- (7) below:
If the class of the input vector and the class of the winner neuron's weight vector match (5)
If the class of the input vector and the class of the winner neuron's weight vector do not match (6)
where W c is weight vector of the winner, and d t is a gain term that will decrease with time and is within the range of 0 and 1, X i is input vector to the network, and C is the class. In this manner, weights move closer to an input feature if they match the label of the corresponding winner (Eq. (4)), while moving farther from it if it does not (Eq. (5)) (Ji, 2000; Tso and Mather, 2001) . In this study, we implemented LVQ1, in which the known patterns (from training sites) are fed again to the SOM, and finally classifying an image to generate feature maps.
Accuracy assessment
The test data were selected independently from the training data, based on the field observations. In each case, an overall accuracy, producer and user accuracies, kappa coefficient, and errors of commission and omission were measured and determined. The overall accuracy (OA) is calculated by using Eq. (8): (8) where A is the number of pixels assigned to the correct class and B is the number of pixels that actually belong to that class. The kappa coefficient (K) (Cohen, 1960 ) is a statistical measure of the agreement (Chen et al., 2007) , and is calculated by the use of Eq. (9): (9) where N is the total number of pixels in all the testing samples, ∑ k X kk is the sum of the confusion matrix diagonal (X kk ), X k∑ is the sum of the testing samples in class k, and X ∑k is the sum of the predicted pixels in class k (Cohen, 1960) . The kappa coefficient is always in the range of -1 to 1, where the latter indicates complete agreement, and is often multiplied by 100 to give a percentage measure of classification accuracy. Meanwhile, the fraction cover of surface materials was also assessed by comparing the fraction cover of surface materials estimated in the field to the corresponding pixel fraction values in the image data using the coefficient of determination (R 2 ). The study area was divided into a 60 × 60-m grid pattern and the proportion of minerals was calculated for each site using the Pima view software. Mineral fraction maps generated from the SOM model were resampled to the 60 × 60-m pixels, and the R 2 was calculated.
Results and discussion
Thirty-six nonreciprocal spectral ratios of 9 ASTER reflective bands were created for key minerals including sericite and kaolinite. Spectral ratio code signature patterns of field samples were then compared to the USGS spectral library to find 3 spectral ratio images for each key mineral. Based on these 3 ratio images, color composite ratio images were created and training areas were selected by a GIS overlay approach and were used to train the SOM model. The best spectral ratios for mapping sericite were 7/6, 6/5, and 8/6, and for kaolinite were 7/5, 7/6, and 6/5. Figure  6 shows the results of displaying 2 spectral ratios with high ratio code in red and green and 1 spectral ratio with very low ratio codes as blue for the sericite and kaolinite. In each image, the mineral of interest should be yellow, if it is present in the imaged scene (Figures 6a and 6b) . The SOM was then applied to the 5, 15, and 36 ratio image data sets (Table 1) , separately, for subpixel classification of the Masahim volcano.
Sampling intervals, the times between samples, were set to 3 and 7, respectively. The training area was used to define the categories that should be classified. A 15 × 15 array of nodes was selected as output layer nodes. The minimum and maximum learning rates were adjusted between 0.5 and 1.0. The value for setting the fine tuning rate including the minimum and maximum gain terms were in the range of 0.0001-0.0005. Fine tuning was done by using the LVQ algorithm to improve classification accuracy by defining the class boundaries in the output layer more precisely. Pixels within the training areas were again presented to the SOM and the output neuron with the minimum Euclidean distance between a training pixel and its weight vector was selected as the best matching unit. The feature maps of alteration units of the volcano derived from 5, 15, and 36 ratio image data sets are shown in Figures 7-9 . Maps include the fraction and spatial distribution of sericite (phyllic zone) and kaolinite (argillic zone) in the Masahim volcano. The zoomed feature maps of the caldera are likewise shown.
The result of the SOM applied to the 5 ratio images showed that the fractions of sericite at the caldera mainly consisted of 62%-75% (yellow pixels) and 87%-100% (red pixels) (Figure 7b) , and the fraction of kaolinite mainly consisted of 75%-87% (green pixels) and 87%-100% (red pixels) (Figure 7d ). The result of SOM applied to the 15 ratio image showed that the fraction image of sericite at the caldera mainly consisted of 75%-87% (green pixels) and 87%-100% (red pixels) (Figure 8b) . However, the fraction image of kaolinite at the caldera mainly consisted of 50%-62% (magenta pixels) and 62%-75% (red pixels) (Figure 8d ). The result of SOM applied to the 36 ratio image showed that the fraction image of sericite at the caldera mainly consists of 62%-75% (yellow pixels) and 87%-100% (red pixels, Figure 9b) . Meanwhile, the fraction image of kaolinite at the caldera mainly consists of 37%-50% (cyan pixels, Figure 9d) .
To evaluate the results of SOM classifications maps, the accuracy of the alteration units was assessed using ground reference information by determining the overall, user's, and producer's accuracies and kappa coefficients (Tables 3-5 ). The overall accuracy of the SOM applied to the 36, 15, and 5 ratio image data sets was 87%, 86%, and 85%, respectively. The confusion matrix of the SOM applied to the 36 ratio image data set (Table 3) shows good accuracy for sericite and kaolinite. Errors of commission and omission (errors of C and O) for sericite in the SOM applied to the 36 ratio image data set (Table 3) were 0.07 and 0.15, and the user accuracy and producer accuracy were 93% and 85%, respectively. Sericite has 15% error of O and 7% error of C with kaolinite, which again means that 15% of sericite pixels are omitted from the sericite class and 7% of the pixels that should be included as sericite are assigned to kaolinite. User accuracy and producer accuracy for kaolinite were 79% and 90% respectively, with 15% error of O and 7% error of C with sericite. The results also indicated a kappa coefficient of 0.73 for the SOM (Table 3) . Errors of C and O for sericite in the SOM applied to the 15 ratio were 0.12 and 0.10, respectively (Table 4) . Meanwhile, user accuracy and producer accuracy were 88% and 90%, respectively. Sericite has 10% error of O and 12% error of C with kaolinite, which means that 10% of sericite pixels are omitted from the sericite class and 12% of the pixels that should be included as sericite are assigned to kaolinite. Errors of C and O for kaolinite were 0.17 and 0.20, and the user accuracy and producer accuracy were 80% and 83%, respectively. Moreover, kaolinite showed 20% error of O and 17% error of C with sericite. The results also indicated that the operating SOM has a kappa coefficient of 0.70 (Table 4) .
The confusion matrix of the SOM applied to the 5 ratio image data set (Table 5) showed good accuracies for sericite and kaolinite. For example, errors of C and O for sericite were 0.05 and 0.20, and the user and producer accuracies of that were 95% and 80%, respectively. Sericite has 20% error of O and 5% error of C with kaolinite, which means that 20% of sericite pixels were omitted from the sericite class and 5% of the pixels that should have been included as sericite were assigned to kaolinite. Errors of C and O for kaolinite were 0.26 and 0.07, and its user and producer accuracies were 74% and 93%, respectively. Kaolinite has 7% error of O and 26% error of C with sericite. The results also indicated that the operating SOM has a kappa coefficient of 0.69 (Table 5) .
The most accurate classification is achieved by applying the SOM to the 15 and 36 ratio data sets (Figures 8 and 9 ). Output results of the SOM applied to the 15 and 36 ratio image data sets generally enhanced similar areas spatially. However, the fractions of pixels in SOM applied to 15 ratio image data sets are higher than the output result of 36 ratio image data sets (Figures 8 and 9 ). The accuracy of fractions estimated by the SOM applied to 15 and 36 ratio image data sets were also assessed using R 2 coefficient. A total of 40 sites of 60 m × 60m were sampled and used for this assessment. The scatter plots of the accuracy assessment are shown in Figure 10 . The R 2 coefficient for sericite was nearly 0.35, and for kaolinite was nearly 0.52 in the SOM applied to the 15 ratio images. Moreover, sericite showed 0.64 and kaolinite 0.68 of R 2 coefficients in the SOM applied to the 36 ratio images.
Triplets of spectral ratio images displayed in colors of red, green, and blue (as a ratio color composite) were used to find training areas. When these 3 colors are combined, they produce different colors in the visible spectrum. The resulting color ratio image generally enhances specific minerals of interest in different colors. This mineral may appear in shades of blue, green, and red or various color combinations of the 3, depending on which ratios are employed to yield the color ratio image. More pointedly, we can use a ratio code method to determine which spectral ratios are very high and very low in values for a given mineral, compared to other minerals and rocks for which we have an archived spectral library of mineral and rock reflectances, and we can create a spectral ratio image in which we assign the red display color to the highest spectral ratio for a mineral that we wish to highlight, and assign the blue and green display colors to 2 spectral ratios that are very low for that mineral. The resulting target mineral is displayed as red, and almost all and sometimes all other surface areas are displayed as other colors, except red. Red in the scene, for that ratio-codeselected color ratio composite, is the mineral we seek to find (the target mineral). Then it is possible to input darkobject-corrected spectral ratio imaging data sets to the SOM model that are rid of the topographic effects to map and estimate abundance fractions of minerals of interest. While this method can identify minerals of interest, more study areas need to be tested in the future.
Conclusion
The spatial distribution of altered units at the Masahim volcano was determined using ratio image/ratio codes and a SOM neural network model. The result of the SOM applied to 36, 15, and 5 ratio image data sets showed good identification of phyllic and argillic units. We achieved overall accuracies of 87% (kappa 0.73) for SOM applied to the 36, 86% (kappa 0.70) for 15, and 85% (kappa 0.69) for 5 ratio image data sets. The results also showed that the SOM applied to 15 and 36 data sets generally enhanced similar areas spatially. However, the output results showed some differences in the fractions of minerals within each pixel. The R 2 coefficient for sericite was 0.35 and for kaolinite was 0.52 in the SOM applied to the 15 ratio images. Sericite showed 0.64 and kaolinite 0.68 of R 2 coefficients in the SOM applied to the 36 ratio images.
It is concluded that coded spectral ratio imaging is efficient for selecting training areas for a given mineral or rock, especially when we do not have access to the area and we only have access to the archived spectral library spectra. Meanwhile, the SOM neural network model applied to 36 ratio image data sets can also be effective for mapping alteration minerals, yielding estimates of pixel fractions covered by each target mineral of interest. However, more study areas need to be tested in the future, and the search for a better method than the ratio code method for finding the most characteristic spectral parameters of target minerals should be sought.
